Infant cry classification can be performed in two ways: computational classification of cries or auditory discrimination by human listeners. This article compares both approaches. An auditory listening experiment was performed to examine if various listener groups (naive listeners, parents, nurses/midwives and therapists) were able to distinguish auditorily between healthy and pathological cries as well as to differentiate various pathologies from each other. Listeners were trained in hearing cries of healthy infants and cries of infants suffering from cleft-lip-and-palate, hearing impairment, laryngomalacia, asphyxia and brain damage. After training, a listening experiment was performed by allocating 18 infant cries to the cry groups. Multiple supervised-learning classifications models were calculated on the base of the cries' acoustic properties. The accuracy of the models was compared to the accuracy of the human listeners. With a Kappa value of 0.491, listeners allocated the cries to the healthy and the five pathological groups with moderate performance. With a sensitivity of 0.64 and a specificity of 0.89, listeners were able to identify that a cry is a pathological one with higher confidence than separating between the single pathologies. Generalized linear mixed models found no significant differences between the classification accuracy of the listener groups. Significant differences between the pathological cry types were found. Supervised-learning classification models performed significantly better than the human listeners in classifying infant cries. The models reached an overall Kappa value of up to 0.837.
INTRODUCTION
Crying is the earliest way of expressing and communicating needs like hunger, pain, discomfort or tiredness. Additionally, a cry is an acoustic signal containing information that provides insights into the medical status of an infant (Fort and Manfredi, 1998; Orlandi et al., 2015) . The research field of infant cry analysis is of high interest for practitioners in the field of pediatric nursing, midwifing, pediatrics and therapists working with infants showing sucking or swallowing difficulties caused by developmental disorders. It is of value for the early detection of severe health issues in infants which might have severe negative effects on the development of children if undetected. Much research about infant cry analysis focuses on exploring the suitability of infant cry for early diagnostic purposes (Reyes-Garcia et al., 2010; Hadad, 2015) . Studies examining the acoustic features of healthy infants and those with developmental disorders showed that infants with medical conditions have different cry characteristics than healthy infants (LaGasse et al., 2005) . Diseases like brain damage (Sirviö and Michelsson, 1976; Jobbágy, 2012) , asphyxia (VerduzcoMendoza et al., 2012; Michelsson et al., 1977) , laryngomalacia (Goberman and Robb, 2005) , hearing impairment (Verduzco-Mendoza et al., 2012; Möller and Schönweiler, 1999) , or cleft-lip-and palate (CLP) (Etz et al., 2012) were found to influence the cry production process, and therefore, cries of infants with diseases show different acoustic features compared to healthy infants. Studies found an increased fundamental frequency (f0), more dysphonated or hyperphonated parts as well as a deviation in the f0 variability, compared to a healthy infant cry. In addition, classification models like neural networks, decision trees and others were used to predict an infant's health status (Etz et al., 2012; ReyesGalaviz et al., 2005; Reyes-Garcia et al., 2010; Galaviz and García, 2005) . In these studies, mainly two approaches for determining the characteristics of infant cries have been applied; the acoustic analysis of cry signals and the auditory discrimination of cries by listeners. This article aims at combining the aspects of both approaches and compares the auditory discrimination skills of listeners with the ability of statistical models to discriminate the types of infant cries. In future research, the findings of this study may be valuable for screening the health state of infants by acoustic parameters of their crying. Automatic classification of infant cries -that is, using approaches based on statistical algorithms for automatically classifying cries -due to their medical condition is a powerful opportunity to rate the health status of an infant by means of their acoustic features. In a systematic supervised-learning model review, Fuhr et al. (2015) showed the classification models which have been used in the past to classify infant cries and evaluated the applicability of these classification models. Hence, computer-based algorithms were suited to classify infant cries. But considering the performance of machines in the field of language detection, the human abilities were much better than the machine-based abilities on language and speech identification (Norvig, 2012; Luxton, 2016) . Studies investigating the association of specific cry characteristics to the cry perception of listeners showed that multiple acoustic parameters are perceived as negative or abnormal to listeners. An increased or more variable fundamental frequency, as well as more dysphonated or hyperphonated parts of a cry are often perceived as distressing, sick, arousing, aversive and urgent (LaGasse et al., 2005; Möller and Schönweiler, 1999; Schuetze et al., 2003) . Listeners were also found to be able to differentiate between the cries of infants with perinatal complications and the cries of healthy infants (Zeskind and Lester, 1978) . Hearing the cries of infants with asphyxia, down syndrome, cri-du-chat syndrome or autism, the listeners showed differences in their behavior and their reaction on hearing those cries (Frodi and Senchak, 1990; Venuti et al., 2012; Esposito et al., 2012) . These studies indicate that acoustic differences between cries of healthy and non-healthy infants can be perceived by human listeners, and therefore, might allow listeners to 'hear the health status' of infants. Based on this assumption, Möller and Schönweiler (1999) compared the ability of nurses, parents and otolaryngologists to distinguish the cries of healthy infants from the cries of infants with hearing impairment. Here, the nurses reached significantly better results indicating that experience with hearing infant cries might influence the ability to discriminate between infant cries auditorily. Morsbach and Murphy (1979) also described that the nurses reached better results in classifying healthy infants and infants with hearing impairment than naïve listeners or parents because of their daily contact to various healthy and non-healthy infants. A listening experiment comparing the hearing capacity of mothers as well as the hearing capacity of naïve listeners was able to show that the naïve listeners can reach better results in discriminating healthy neonate cries than mothers (Nolten, 1984) . In these studies, the participants were not trained in discriminating infant cries before conducting the listening experiment. Gladding (1979) tested if listeners can be trained to discriminate cries correctly. Subjects with training showed significantly better results in distinguishing various types of crying than subjects without listening training. Summarizing, a significant amount of research has been conducted to explore the acoustic properties of infant cries and the potential to identify differences in those properties between healthy and non-healthy cries by computational models and algorithms as well as by human listeners. However, previous researches did not examine sufficiently if human listeners are able to differentiate not only between healthy and non-healthy cries but also between different types of pathologies. In addition, a comparison of the classification skills of computational models in contrast to the skills of human listeners is still missing. The present article presents a study aimed at analyzing and comparing the ability of human listeners and automatic classification models to rate the health state of infants by their crying. For the listening experiment, naïve listeners (students and parents) and expert listeners (nurses/ midwives and therapists) were trained to auditorily discriminate the cries of healthy infants as well as infants with various pathologies (like hearing impairment (HI), cleft-lip-and palate (CLP), asphyxia (AS), laryngomalacia (LA), brain damage (BD), etc.). After training, the listeners rated cries of infants with different health states and their rating skills were compared to the classification skills of computation models. To achieve a deeper understanding of the ability of human listeners and computation models to classify infant cries, the following research questions were elaborated for this study. In addition to analyzing the classification ability directly (fixed factors), analyzing the influence of random factors like the age of the human listeners (as the human hearing performance might change with increasing age) was added to the research questions: RQ 1: Are human listeners able to discriminate auditorily between healthy infant cries and non-healthy infant cries and are they able to differentiate between different pathologies? RQ 2: Are there differences in the discrimination skills between the listener groups? RQ 3: Are there differences in the listeners' rating performance between the types of crying (e.g., healthy, hearing impaired, ...) RQ 4: Do listeners rate infant cries that were used during training more accurately than unknown cries? RQ 5: Do sociodemographic parameters like age influence the rating skills of human listeners? RQ 6: Do human listeners perform more or less accurately in discriminating between infant cries than computational models?
METHOD

Subjects
Participants of the Listening Experiment
A total of 120 participants were included in the listening experiment and divided into the 4 groups: naïve listeners (group 1), parents (group 2), nurses/midwives (group 3) and therapists (group 4). Based on the following inclusion and exclusion criteria, these groups were chosen to capture listeners with varying experience in hearing infant cries: a) Naïve listeners: no experience in hearing infant crying b) Parents: frequent long-term contact to a limited, familiar group of healthy infants c) Nurses, midwives: frequent short-term contact to many healthy and rare contact to non-healthy infants d) Therapists: frequent long-term contact to many nonhealthy infants
General inclusion criteria for all groups were following: all participants were female and German and were without hearing impairments. Because almost all participants in the groups nurses/midwives and therapists were female, the small number of male participants was excluded from the study to avoid any statistical error that might occur in an unbalanced study design. The impact of this decision on generalizing the results is discussed in the Discussion Section. In addition to the general inclusion criteria, the following criteria were defined per group: group 1 contained 30 female naïve listeners without children and without being in close contact to infants. Group 2 consisted of 30 mothers caring for infants being younger than 2 years old. Participants of the first two groups had jobs not related to the health system. Group 3 included 30 midwives and female pediatric nurses. Group 4 contained 30 female therapists. In this group, physical therapists (11 persons), occupational therapists (5 persons) and speech and language pathologists (14 persons) were included. For all midwives, nurses and all therapists, a professional experience of at least 4 years and a frequent contact to infants and young children with developmental diseases were defined as the inclusion criteria. Table 1 provides sociodemographic parameters for each listener group. These parameters were selected to capture any random effect on the results of the listening experiment. Especially the age parameter could not be controlled by the study design, as persons with no children (naïve listeners) are likely to be significantly younger than persons with children (parents); a balanced study design with a similar distribution of age across the listener groups was therefore not achievable. The parameters 'number of children' and 'professional experience' were included to test, if the results would be influenced by the personal experience of the participants.
A non-parametric Kruskal-Wallis test revealed significant differences in the distribution of age between naïve listeners and the remaining groups, as well as the distribution of the number of children between therapists and parents. No significant difference was found in the professional experience across groups. 1 Balancing the groups for the parameters age and number of children was not possible with the given pool of participants. Because of the definition of the groups, the participants of the naïve group had to be significantly younger than in the other groups as higher age did highly correlate with a higher number of children. Therefore, most participants with children were older, whereas most younger participants had no children. To cope with this variation of the sociodemographic parameters across groups, a correlation analysis was used to analyze the possible effects of the parameters on the test results as described in the Analysis Section.
Procedure
For exploring the human listener's ability to classify infant cries and for comparing their performance to the rating performance of computational models, both, humans and computational models were applied to the same process of training and prediction. Figure 1 visualizes the training phase and the rating phase for human listeners and computational models. The ability of human listeners to hear the difference between healthy and pathological cries and between different pathologies was trained in a listening training using 18 training cries. After training, the human listeners predicted the health state of infants on 18 unknown cries. The training and prediction for human listeners is described later in this section in more detail. To train the computational models, various supervisedlearning algorithms were trained on the same training cries as the human listeners. Like humans, the supervisedlearning algorithms learn patterns by analyzing the training data for which the result is known (here, acoustic parameters of infant cries, for which the health state of the infant is known, are analyzed). After training, 1 In the case of the number of children, the naive listeners were not included in the Kruskal-Wallis test and for the professional experience, the naive listeners and parents were excluded, as the differences to these groups result from the characteristics of the groups.
the algorithms create supervised-learning models, that represent the knowledge learned during the training phase. These models are then applied to the same 18 unknown cries that were rated by the human listeners and the models predict the health state of infants based on the acoustic parameters of the cries. In this setting (Setting A), the supervised-learning algorithms use the same training set of cries as the human listeners. This provides the same setting for both, human listeners and computational algorithms, and allows comparing both. However, supervised-learning models were originally designed to be trained on large datasets to avoid fitting the models too exactly to the training data, losing the ability to predict unknown data correctly (overfitting). For this reason, a second setting was included in the study. In Setting B, the supervised-learning algorithms were trained on larger infant cry dataset to get more general models and to avoid overfitting to the training data. The resulting supervised-learning models were then applied to the same test cries as before. The training and rating for both settings of supervised-learning models is described later in this section in more detail.
Listening Experiment
The listening experiment was divided into a training phase and a rating phase. Participants were first trained in hearing cries of healthy infants and infants with various pathologies. In the rating phase, listeners had to allocate unknown cries to the different groups of health states.
Training Phase
In the training phase of the listening experiment, the participants had to listen to acoustic cry samples of healthy infants and infants with 5 different pathologies. According to Tsukamoto and Tohkura (1990) , 2 to 5 cries build a perceptual unit for infant cry categorization. Therefore, three cries of each cry group were randomly selected from the infant cry dataset described in the Material section, summing up to a total of 18 cry samples for the training phase. All participants were trained on the same set of cry samples. The training was held with all participants in a quiet room. The participants were told which cry type they would hear next and then the 3 cries of the cry group were played via speakers. The same 3 cries were then repeated, and the participants took notes of what they thought would be characteristic for the cry group. This procedure was repeated for each cry group. After this session, all cry groups were played again, but without repetitions. Figure  2 visualizes the schema of the training. Altogether, the listeners heard the 3 cries from each of the 6 cry groups 3 times. This approach was used to ensure that the listeners were able to memorize the cry impressions. For the training phase, listeners were asked to take personal notes about their hearing perception of each cry group to support the training effect. The listening training was mandatory, as the present listening experiment examined not only the listeners' abilities to discriminate healthy and pathological cries, but also their abilities to discriminate various pathologies.
Here, it could not be assumed, that the listeners would know how cries of infants with various pathologies sound. In addition, Gladding (1979) showed, that listeners with training reached significantly better results in distinguishing various types of crying than listeners without training.
Rating Phase
In the rating phase, the participants had to listen to 18 cry samples and had to allocate each sample to one of the six cry groups. From each cry group, 3 cry samples were presented, but the listeners were not told how many samples from each group were in the set. One of the three cries was a cry sample that had already been used in the listening training. This approach was chosen to determine if cries known from the training phase can be allocated better to the six groups than unknown cries. The remaining two samples were randomly selected from the infant cry dataset described in the Material section. These cries had not been used in the training phase. All participants listened to the same set of cries.
Computational Classification
Infant cry classification aims at finding a computational model that is able to automatically classify infant cries according to their acoustic properties into given categories of cries. Computational models work similar to human listeners rating infant cries: first, the acoustic properties of a cry must be extracted in an acoustic analysis. Second, a computational model must be trained on a training dataset for which the cry categories are known ('supervised-learning') in order to learn how to categorize the cries. Finally, the computational model can be applied to unknown cries to categorize them. Following the previous comparisons of models for infant cry classification (Fuhr et al., 2015) , the following supervised-learning algorithms suited for infant cry classification were selected for the study. Artificial neural networks encompass different machine learning approaches following functions of animal brains by simulating information flow through systems of interconnected 'neurons'. In this study, multilayer perceptrons and radial basis function networks were used. Bayes classifiers are probabilistic models based on Bayes' theorem describing classes by statistical processes. Linear discriminant analyses identify linear functions to separate groups in data. Support Vector Machines work similar to linear discriminant analysis, except they can be extended for non-linear discrimination between data sets. Logistic regressions measure the linear relationship between a categorical target variable and multiple predictors using a logistic probability function. Decision trees cover different algorithms for computing hierarchical decision rules to decide, to which group data items belong. In this study, C 5.0, CHAID, CRT and QUEST decision tree algorithms were used.
Acoustic Analysis
To extract acoustic properties of the infant cries, Praat software (Boersma and Weenink, 2013) and an automated Praat script were used to compute acoustic parameters.
The following parameters have proven to be useful for infant cry classification in previous studies of the authors (Etz et al., 2014) : the median as well as lower and upper bounds -represented through the 10th and 90th
percentile -of the fundamental frequency and intensity, the first six formants, jitter and shimmer values as well as the relation of phonated and non-phonated parts, number and degree of voice breaks and the cry duration were measured. These acoustic parameters were automatically extracted for each infant cry and were used as input for the training and application of the computational models.
Training Phase For training the supervised learning models, two different sets of training data were chosen: In Setting A, all supervised-learning models were trained on the same set of 18 infant cries that was used for training the human listeners. In Setting B, 526 cry samples from the cry database were used for training; the infant cries used in the rating phase were excluded. The supervised-learning algorithms described above were applied to the training datasets. Each algorithm follows its own strategy for identifying rules to categorize the cries. All algorithms implement techniques to avoid overfitting of the models to the training data and thus, to be able to categorize unknown cries as correctly as possible.
For training the models, IBM's SPSS Modeler 18.0 was used. During the training phase, the software automatically varies different parameters of the algorithms to find the best settings of the algorithms. After training, each algorithm creates a supervisedlearning model that represents the classification rules for categorizing infant cries. Rating Phase After training, each model was applied to the test set of infant cries that was also presented to the human listeners.
Here, the models of both training Settings A as well as B were applied to the same set of test cries. Based on the rules learned during the training phase, all models categorized the cry samples to predict the health state of the infants.
Material
All infant cry samples used in this study were taken from a dataset of infant cries, built up during a research project of the authors on infant cry classification. The dataset is described in the following section.
Subjects
Cry samples of 69 infants between 1 and 7 months of age were included in the dataset. In total, 6 different infant groups were recorded: 31 infants were healthy, without any developmental disorders, 10 infants had an unilateral cleft-lip-and palate (CLP), 19 infants were hearing impaired (HI, threshold of -60dB hearing loss), 4 infants were suffering from laryngomalacia, 3 were asphyxiated infants and 2 infants had brain damage.
For the healthy infants, the following inclusion criteria were defined: All infants had no complications during birth. Their age, birth weight and gestational age were without pathological findings. APGAR scores ('Appearance, Pulse, Grimace, Activity, Respiration', Apgar, 1953) were documented after 1, 5 and 10 minutes. For all infants, the APGAR scores were 9/10/10. The infants were found to be healthy by pediatricians at postpartum examination. No indication of neurological diseases or further anomalies or any diagnosis that might influence normal development could be found. The hearing function of all infants was assessed for both ears by otoacoustic emissions. No limitation of the hearing function was found. Pediatricians confirmed that there wasn't any indication of an infant's existing cold at the time of recording. For the infants suffering from developmental disorders, no further anomaly or diseases could be found by pediatricians, except the diagnosed developmental disorder. All parents of the infants were native speakers of German and gave written informed consent to participate in this study. The study was approved by the Ethic Review Committee of the Fresenius University of Applied Sciences.
Cry recording
The cries of the infants were recorded with a sampling rate of 48 kHz and 24-bit digital resolution on a Zoom
H2n recorder. The Zoom H2n recorder features a builtin microphone. The microphone was held about 30 cm away from the infants' mouths. The infants lay in a supine position during the recording. Recordings were made in similar environments. One full episode of crying was recorded for each infant.
Recordings started with the first cry of the infant (using the H2n's pre-recording function). Recordings were stopped when there was a 15 second pause with no crying. One recording lasted about 10 to 30 seconds. For acoustic analysis, single cries were extracted from the episodes of crying. Altogether 544 single cry utterances could be extracted from the cry recordings. To guarantee a sufficient quality of the recordings, only recordings with more than 30 dB intensity between the minimum intensity within an episode of crying (corresponding to the noise level) and the maximum intensity within the episode were included in the study. No recordings had to be excluded from this study.
For training and testing the human listeners and the computational models, subsets of cry signals were extracted from the dataset as described in the following subsections.
Analysis
To answer the research questions described in the Introduction section, various statistical methods were used. They are described in the following.
Covariate Analysis
First, a possible influence on the rating performance of the sociodemographic parameters age, number of children and professional experience was analyzed using a correlation analysis between these parameters and the rating correctness (RQ 5). Non-parametric Spearman's rho correlation was computed as the sociodemographic parameters were not normally distributed. As no significant correlations between the parameters and the rating performance were found (c.f. Section 3.3.1), the sociodemographic parameters were not included in any further statistical analyses.
Descriptive Statistics
To analyze the rating performance of the human listeners in the listening experiment (RQ 1 and RQ 3), a confusion matrix was computed to compare the listeners' ratings and the actual cry types.
The following quality coefficients were computed on the confusion matrix to quantify the listeners' performances in discriminating between healthy and pathological cries as well as between the various pathologies:
-Cohen's kappa coefficient (κ) was computed to quantify the overall agreement of listener ratings with the actual cry types. In contrast to simple percentage agreement, κ takes into account any agreement occurring by chance. -Sensitivity of the healthy group was computed to rate the listener's ability to identify healthy infant cries correctly. -Specificity of the healthy group was computed to rate the listeners' ability to identify cries with one of the pathologies as not healthy (excluding the ability to differentiate between the various pathologies).
Analysis of Variances for Human Listeners
To analyze the influence of various factors on the classification performance of human listeners and to identify effects between these factors, a Generalized Linear Mixed Model (GLMM) was computed. GLMMs allow to analyze the influence of multiple fixed and random effects as well as effects of their interaction on one target variable that may have any scale or distribution. In this analysis, the correctness of the cry ratings was chosen as a binomial-scaled (0 = wrong rating, 1 = correct rating) target variable. The GLMM was parameterized to use a binomial probability distribution and a Logit link function.
The following nominal variables were included as fixed factors:
The listener group was included to test if listeners of any group perform better in infant cry classification than the listeners of other groups (RQ 2). The cry type was included to test if any type of crying (e.g., cries of healthy infants or cries of infants with hearing impairment) was identified more precisely than the other types (RQ 3).
The knowledge about cries was included to test if cries that were presented during the training phase are rated more precisely than unknown cries (RQ 4).
To cope with possible differences in the rating performance between single listeners or between single cry samples, these two variables were added as random factors.
For exploring significant differences in more detail, pairwise comparisons with Bonferroni correction were conducted.
Analysis of Variances between Human Listeners and Computer Models
For comparing the rating performance of human listeners and computer models (RQ 6), all ratings of human listeners and computer models were included in an additional analysis of variances. The groups 'Human listeners', 'Models, Setting A' and 'Models, Setting B' were analyzed with the same statistics that were used for exploring variances between the human listener groups.
RESULTS
The statistical methods described in Section 2.4 were computed using IBM's SPSS Statistics 23.0 (IBM, 2016). The results are described in the following subsections. Table 2 provides the results of the correlation analysis that explores the impact of the covariates age, number of children and professional experience on the rating performance of the human listeners. None of these covariates correlate significantly with the rating correctness. 
Covariate Analysis
Descriptive Statistics for the Human Listeners
To describe the rating performance of the listeners, the confusion matrix presented in Table 3 was computed.
The overall ability of the listeners to correctly rate cries of healthy infants and infants with various pathologies (RQ 1) was computed on the confusion matrix and is represented by the Kappa values shown in Table 4 .
The ability to differentiate between healthy and nonhealthy cries (RQ 1) was quantified by computing the sensitivity and specificity for rating healthy infant cries. Table 5 shows the sensitivity and specificity values for the listener groups. The sensitivity value represents the listeners' ability to identify healthy infants correctly as healthy. The specificity value represents their ability to identify infants with one of the pathologies as nonhealthy.
Descriptive Statistics for the Classification Models
The classification performance of the models on the test dataset is shown in Table 6 . The models in Setting A were trained on the same 18 cries that were used for training the human listeners. The models in Setting B were trained on the complete dataset described in Section 2.1. Table 8 shows the sensitivity and specificity values representing the models' ability to identify healthy infants as healthy and infants with any of the pathologies as non-healthy.
Analysis of Variances for Human Listeners
Computing the Generalized Linear Mixed Model (GLMM) in SPSS resulted in a model with an accuracy value of 69.5%, that is, almost 70% of the variance in the data can be explained by this model. Table 9 shows the impact of the fixed factors on the rating correctness. The rating correctness does not vary significantly at the p = 0.05 level across the listener groups. However, the real cry type (e.g., healthy or CLP cries) and the knowledge about the cry (i.e., if the cry was known because it was already used in the training phase, or if it was not known) had a significant impact on the rating performance.
To explore the significant fixed factors RealCryType and TestOrUnknownCry in more detail, pairwise comparisons were computed. Table 10 shows the pairwise comparisons for the RealCryType factor.
2 Table 11 shows the contrast between the known cries and the unknown cries. Known cries were rated significantly better than unknown cries, but the effect size is with −0.063 not very large, that is, the rating performance was not that much better for known cries. Random effect covariances were evaluated to estimate the influence of between-listeners variance and betweencry-samples variance.
2 Symmetric contrasts were removed from the table Table 12 shows the random effect covariances. The between-listeners variance as well as the between-crysamples variance are not significant. Therefore, both have no significant impact on the variance in the data.
Analysis of Variances between Human Listeners and Computer Models
The GLMM model for analyzing the impact of the group factors on the classification correctness reached an overall accuracy of 71.0 %, i.e., 71 percent of the variability in the data can be explained by the model. The effects of the fixed factors RaterGroup, RealCryType and TestOrUnknownCry are presented in Table 13 . All three effects are significant at the p =0.05 level. Table 14 shows the pairwise contrasts of the RaterGroup factor. All pairwise contrasts are significant at the p = 0.05 level. Human listeners are 29 % less precise in rating infant cries than models trained in Setting A, and they are 18 % less precise than models trained in Setting B. Comparing the models trained in the Settings A and B, models from Setting A are 11 % more precise than models from Setting B. Table 15 shows the pairwise contrasts of the RealCryType factor across all rater groups 3 . Table 16 shows the simple contrasts between the rating of unknown cries (UKN cries) and known cries (KN cries). Known cries are rated slightly but significantly better than unknown cries. Table 17 shows the random effect on the rating performance. The between-rater variance is significant at the p =0.05 level.
DISCUSSION
The discussion section is split into two parts: the interpretation of the results is presented first, applying the statistical results to answer the research questions and to interpret the findings and their implications. Hereafter, the approach is compared to the results of previous studies and discussed.
Interpretation of the Results
Are human listeners able to discriminate auditorily between healthy infant cries and non-healthy infant cries (RQ 1) and are they able to differentiate between the different pathologies?
The confusion matrix for the human listeners' ratings (Table 3) provides an overview of the overall rating performance of human listeners. Laryngomalacia cries are identified quite reliably (85.6%). Asphyxia cries and healthy cries also show a good rating accuracy with 71.9% and 63.9%. Although the remaining cry types are rated with lower accuracy, all cry types are identified more accurately than by chance (accuracy by chance is 16.67%, assuming equal chance across all cry types). Hence, training human listeners to hear the health state of an infant seems to be possible. In addition, the performance of identifying healthy infants and distinguishing between various pathologies is better than by chance.
3 Symmetric contrasts were removed from the table Cohen's Kappa values as an overall value (Table 4) , as the rating performance of human listeners are similar in all listener groups with an overall average value of 0.491. Following Landis and Koch (1977) , this Kappa value can be interpreted as medium accuracy, backing the interpretation of the confusion matrix that human listeners have an average performance in identifying healthy infants and infants with various pathologies. The sensitivity and specificity (Table 5) for identifying healthy infants as indicators for the listeners' performance to distinguish between healthy and non-healthy is similar between the listeners' groups too. The sensitivity value of 0.64 indicates a medium performance in identifying healthy infants as healthy. The specificity value of 0.89 shows that non-healthy infants are identified with high confidence. This observation backs the studies of Bisping (1986) , who suspected that humans have the genetic ability to identify pathological states of health. Summarizing, humans are well able to identify nonhealthy infants by their cry. When distinguishing between various pathologies, the performance of humans is only average, but higher than by chance. As clinical implication, our findings suggest that auditory discrimination of human listeners is not reliable enough to be used in clinical applications such as screening approaches. Human infant cry classification can only give first hints on any non-normal infant development and must be examined by more reliable methods later on.
Are there differences in the discrimination skills between the listener groups (RQ 2)?
Analyzing the variances between the listener groups using GLMM showed no significant variances between listener groups. Therefore, the amount of contact of humans to infants with pathologies does not seem to influence the listeners' rating performance. These results contrast the study of Möller and Schönweiler (1999) , who found a significant difference in the rating performance of parents and nurses when rating healthy infants and infants with hearing impairment. Although identifying significant differences, this study had only a small effect size in the variances.
Summarizing, previous studies as well as this study did not find differences with large effects between human listeners experienced in infant crying and unexperienced ones. Therefore, our suggestion to not rely on auditory discrimination of infant cries by human listeners applies to all groups of listeners, whether they work with healthy and non-healthy infants on a regular basis or not. There are significant differences in the classification correctness across the different cry types. Evaluating the significant contrasts in Table 10 , the following statements about the cry types can be made: 1. Cleft lip and palate cries are rated less accurately than the other cry groups. 2. Healthy cries are rated more accurately than CLP, HI and BD cries. 3. Hearing impaired cries are rated more accurately than CLP cries. 4. Laryngomalacia cries are rated more accurately than HE, CLP, HI, AS and BD cries. 5. Asphyxiated cries are rated more accurately than HE, CLP, HI and BD cries. 6. Brain damage cries are rated more accurately than CLP cries.
Cleft lip and palate disorders seem to have fewer auditory cry characteristics that are recognizable by humans than the other cry groups. Deformations in the orofacial tract do not seem to affect the cry signal very much, so an auditory identification is complicated.
Cries of infants suffering from laryngomalacia are rated most accurately. Cries of infants suffering from laryngomalacia are mostly high pitched, showing a lot of variation in the fundamental frequency and showing high intensity. These characteristics and the direct pathological impact of laryngomalacia on the vocal folds and the larynx, seem to result in auditory characteristics of the cries, that are well recognizable by humans. Summarizing, some pathologies, like laryngomalacia, show high aberrations in the acoustic parameters from physiology of infant crying. For these pathologies, human listeners are able to identify that an infant is not healthy with a higher sensitivity than for other pathologies. For these special pathologies, human auditory discrimination may give first hints on a pathological development in screening processes.
Do listeners rate infant cries that were used during training more accurately than unknown cries (RQ 4)?
Cry samples that were known to human listeners from the training phase were rated significantly better during the rating phase (Table 11) . Although, the effect size is with 0.066 (i.e., known cries are rated by 6.7% more accurately than unknown cries) not very high, so human listeners seem to mainly learn the characteristics of the cry groups during training, instead only recognizing certain cry samples they have already heard. For clinical applications, listening trainings therefore seem to be an adequate way of teaching human listeners about other acoustic characteristics in infant cries not related to classifying healthy and non-healthy infants of.
Do sociodemographic parameters like age influence the rating skills of human listeners (RQ 5)?
The correlation analysis (Table 2) did not show any significant correlations between the rating correctness and the sociodemographic parameters' age, number of children and professional experience. Therefore, these parameters do not seem to influence the rating skills of the listeners. However, the age of the listeners strongly correlates with the number of children and the professional experience, which is somehow expected, as with higher age, it is likely to have one or more children and it is more likely to have a higher professional experience.
Do human listeners perform more or less accurately in discriminating between infant cries than computational models (RQ 6)?
The computational models trained in Setting A as well as those trained in Setting B perform significantly better than the human listeners at the p = 0.05 level (Table 14) . The confusion matrix in Table 6 for the computational models presents correctness values for the various cry types between 70 and 100% for models trained in Setting A, and between 51 and 100 % for models trained in Setting B. Kappa values of 0.696 for models trained in Setting B and 0.837 for models trained in Setting A stand for a substantial agreement between the classification and the actual health state of the infants. The sensitivity and specificity values are above those of the human listeners, too. However, the specificity values of the classification models are only 0.03 points higher than those of the human listeners. Therefore, human listeners can identify pathological infant cries with a confidence similar to the models. As for the human listeners, there are significant differences in the classification performance for the different cry types (Table 15 ). The interpretation of these contrasts is similar to the interpretation for the human listeners. Hence, characteristic acoustic properties, that are relevant for the human listeners when classifying infant cries, seem to be relevant for the computational models, too. Summarizing, computational models rate healthy infant cries and cries with various pathologies significantly better than human listeners. However, the rating performance in identifying pathological cries in general, is very similar between humans and computer models. For clinical applications, we therefore suggest using computational models instead of human auditory discrimination for reliably rating the health states of infants by acoustic parameters of their crying.
Comparison of the Approach to Previous Studies
Previous studies described that persons with frequent contact to healthy and ill infants perform better in identifying infant cries than persons without daily contact to infants (naïve listeners) or persons having only close contact to one or two infants (parents) (Möller and Schönweiler, 1999; Morsbach and Murphy, 1979) . In contrast, this study showed no differences between the listener groups. Here, the listening training seems to be an effective approach to train listeners in classifying infant cries. After a hearing training, experience in listening to infant cries has no impact on the rating accuracy. In contrast to other studies (Möller and Schönweiler, 1999; Morsbach and Murphy, 1979) , which examined how listeners perform in distinguishing between cries of healthy infants and infants with one pathology, this study examined if it is possible to distinguish between various pathologies. Here, a listening training is essential to ensure that listeners can learn to recognize acoustic properties specific for the various pathologies and thus, enable the listeners to distinguish pathologies auditorily. The study could show that computational classification of infant cries reached better results and is more suitable for identifying pathologies by the cries than auditory discrimination by human listeners. Although listeners perform well in identifying cries as pathological, distinguishing between various pathologies seems to be very difficult and leads to bad classification results.
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CONCLUSIONS
The study showed that listeners were not able to identify various pathologies with a high accuracy by hearing infants' cry. Especially, distinguishing between different pathologies by hearing was not a reliable method in this study. However, human listeners performed better when deciding if cries were healthy or not healthy (without regards to the specific type of pathology).
The highest accuracy in rating infant cries was achieved by computational supervised-learning models. These were able to rate healthy and non-healthy cries and were able to differentiate various pathologies with higher accuracy.
For using the infant cry as screening instrument, human hearing can only give first hints to an existing pathology. For developing a reliable screening-instrument, supervised-learning algorithms are the selection of choice.
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